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Abstract: 
The research presented herein is part of an ongoing project as to provide an evidenced based and 
geographically targeted energy/carbon route map for the city of Newcastle upon Tyne, UK. Area-based case 
scenarios are used in evidence-informed energy efficiency and/or fuel poverty policies/practice which 
attempt to identify appropriate energy/carbon reduction targets in aggregated building stocks. This study 
demonstrates how multilevel modelling builds on traditional statistical methods for the comparison of groups, 
where the groups are fuel poverty (FP) dwellings in different Lower Level Super Output Areas (LLSOA) in 
England. We begin with the standard regression methods for comparing the means of two or more groups, 
using ‘fixed effects’ modelling (commonly called analysis of variance ANOVA). Then, we contrast this 
approach with multilevel or ‘random effect’ modelling. We used the methods for single-level statistical 
inference, including Normal tests for comparing means and likelihood ratio tests, which are also used in 
multilevel mode. We conclude that being in fuel poverty and having an Energy Performance Certificate 
(EPC) affect the energy consumption of individual dwellings. 
Keywords: 
Energy modelling, clustering, random regression, fuel poverty, Energy Performance Certificates. 
1. Introduction 
Newcastle CarbonRouteFramework (NCRF) is a spatially referenced parameterised per-dwelling 
domestic energy framework developed with the purpose of estimating the energy consumption of 
sub-city areas [1, 2]. Clustering is an unsupervised learning method that may describe the hidden 
structure in a collection of data. In building energy, the primary application of this technique is to 
classify buildings using various features and characteristics instead of only use type or topology, 
which is very advantageous in building energy benchmarking. In our paper a hybrid method was 
applied to determine the number and composition of clusters. First, hierarchical clustering (the 
Ward’s method) identified the eight homogenous groups of building archetypes (clusters), where 
group assignments were updated iteratively until convergence with a local minimum of the sum of 
squared Euclidean distances [3] was reached, as seen from the dendrogram (a tree diagram used to 
illustrate the arrangement of the clusters produced by hierarchical clustering). See Fig. 1. 
A dendrogram represents the nested grouping of patterns and similarity levels at which groupings 
change i.e. this study may delimit borders of individual clusters based on the structure of the 
dendrogram and perceived (dis)similarities between the variables. The procedure involves 
considering whether various sub clusters make sense from the point of the intuitive (dis)similarities 
between data and the scope of the investigation [4]. The dendrogram is an exploratory multivariable 
technique that shows the interrelations among dwellings in hierarchical cluster analysis. The lengths 
of the horizontal lines represent relativities of similarity between pairs of dwelling profiles or 
dwelling profile groups –the longer the line, the more dissimilar the profiles. Knowing this, the 
number of clusters becomes clear. Moisl and Maguire [5] use the dendrogram tree to outline the 
hierarchical cluster results in phonetic studies in Newcastle. Then, K-means cluster analysis [6] was 
applied over this gross-error-free sample with only the chosen optimum number (8) of clusters in 
which to place all the observations as seen in Fig. 2. 
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Fig.1.  Descriptive clusters in the city. 
Cluster 1 18.24% of the stock
 Energy Range Minimum Maximum Values
Mixed ages DwellAge 6 1 7 1, 2, 3, 4, 5, 6,7
Mixed wall construction except cavity insulation WallConst Low - Med 4 1 5 1, 2, 3, 4, 5
Flat semidetached, end terraced' 'House detached, end enterraced' 'Maisonette semi 
detached'
BuildForm Med - High 4 11 15 11, 12, 13, 14, 15
Mixed areas DwellSize 6 1 7 1, 2, 3, 4, 5, 6, 7
Electric room heaters up to gas condensing boiler Heating Med 9 5 14 5, 7, 8, 9, 10, 11, 12, 13, 14
Up to 6 storeys Storeys 5 1 6 1, 2, 3, 4, 5, 6
Cluster 2 0.20% of the stock
 Range Minimum Maximum Values
Mixed ages DwellAge 6 1 7 1, 3, 4, 5, 6, 7
Mixed wall construction, except solid insulated WallConst Low - Med 5 1 6 1,2, 3, 5, 6
Flat semidetached, mid terraced, end terraced, enclosed' 'House  enclosed, End-Terraced' 
'Maisonette semi detached' ' Bungalow mid terraced'
BuildForm Med - High 8 11 19 11, 12, 13,  15, 16, 17, 18, 19
Mixed sizes DwellSize 6 1 7 1, 2, 3, 4, 5, 6,7
Electric warm air, standard boiler, combi boiler, room heater', 'LPG' 'Coal' Heating Low 6 1 7 1, 2, 3, 5, 6,7
Up to 4 storeys Storeys 3 1 4 1, 2, 3, 4
Cluster 3 1.71% of the stock
 Range Minimum Maximum Values
Mixed ages DwellAge 6 1 7 1, 2, 3, 4, 5, 6, 7
Uninsulated and timber insulated WallConst Low 3 1 4 1, 2, 3, 4
Flat semidetached, mid terraced, end terraced, enclosed' 'House detached, end 
enterraced' 'Maisonette semi detached, enclosed' ' Bungalow mid terraced'
BuildForm Med - High 9 11 20 11, 12, 13, 14, 15, 16, 17, 19, 20
Mixed sizes DwellSize 6 1 7 1, 2, 3, 4, 5, 6, 7
Gas warm air, condensing, condensing combinational' and all type of communal Heating High 3 13 16 13, 14, 15, 16,
Mixed storeys Storeys 6 1 7 1, 2, 3, 4, 7
Cluster 4 9.98% of the stock
 Range Minimum Maximum Values
Mixed ages DwellAge 6 1 7 1, 2, 3, 4, 5, 6, 7
Uninsulated WallConst Low 2 1 3 1, 2, 3
Flat semidetached, mid terraced, end terraced, enclosed' 'House detached, enclosed, end 
terraced' 'Maisonette semi detached, enclosed' ' Bungalow mid terraced'
BuildForm High 6 14 20 14, 15, 16, 17, 18, 19, 20
Mixed sizes DwellSize 6 1 7 1, 2, 3, 4, 5, 6, 7
All Coal, All  Oil, All E7, All Gas Boilers except Condencing Coombinational and 
Commual
Heating Med - High 7 7 14 7, 8, 9, 10, 11, 12, 13, 14
Up to 3 storeys Storeys Low rise 2 1 3 1, 2, 3
Cluster 5 30.98% of the stock
 Range Minimum Maximum Values
Mixed ages DwellAge 6 1 7 1, 2, 3, 4, 5, 6, 7
UnInsulated and timber insulated WallConst Low 3 1 4 1, 2, 3, 4
Maisonette Detached, Semi-Detached, End-terraced', 'Flat detached', 'House End-
terraced, Semi-Detached', 'All bungalows except mid-terraced'
BuildForm Low - Med 9 1 10 1, 2, 3, 4, 5, 6, 7, 8, 9, 10
Mixed sizes DwellSize 6 1 7 1, 2, 3, 4, 5, 6, 7
Electric Room Htr, All Coal, All  Oil, All E7, All Gas Boilers Heating Med - High 11 5 16 5, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16
Up to 9 storeys, except 5, except 7 Storeys 8 1 9 1, 2, 3, 4, 6, 9
Cluster 6 12.18% of the stock
 Range Minimum Maximum Values
Mixed ages DwellAge 6 1 7 1, 2, 3, 4, 5, 6, 7
All insulated WallConst High 2 4 6 4, 5, 6
Maisonette Mid-Terraced', Flat End-Terraced, Semi-Detached, Mid Terraced, 
Enclosed' 'House Mid-Terraced, Detached, Enclosed', 'Bungalow Mid-Terraced'
BuildForm Med - High 8 11 19 11, 12, 13, 14, 15, 16, 17, 18, 19
Mixed sizes DwellSize 6 1 7 1, 2, 3, 4, 5, 6, 7
Electric Room Htr, All Coal, All  Oil, All E7, All Gas Boilers Heating Med - High 11 5 16 5, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16
Up to 5 storeys Storeys Med rise 4 1 5 1, 2, 3, 4, 5
Cluster 7 22.67% of the stock
 Range Minimum Maximum Values
After 1837 DwellAge 5 2 7 2, 3, 4, 5, 6, 7
Mixed walls except timber un insulated WallConst 5 1 6 1, 2, 4, 5, 6
Maisonette Detached, Semi-Detached, End-terraced', 'Flat detached', 'House End-
terraced, Semi-Detached', 'All bungalows except mid-terraced'
BuildForm Low - Med 9 1 10 1, 2, 3, 4, 5, 6, 7, 8, 9, 10
Mixed sizes DwellSize 6 1 7 1, 2, 3, 4, 5, 6, 7
Mixed heating except Electric warm air, except electric combi boiler Heating 14 2 16 2, 3, 4, 5, 7, 8, 9, 10, 11, 12, 13, 14, 
15 16Up to 4 storeys Storeys Low rise 3 1 4 1, 2, 3, 4
Cluster 8 4.04% of the stock
 Range Minimum Maximum Values
After 1870 except interwar DwellAge 4 3 7 3, 5, 6, 7
Mixed walls except timber WallConst 5 1 6 1, 2, 5, 6
Flat Semi-detached, mid terraced and enclosed' BuildForm High 4 15 19 15, 17, 19
More than 200 sq. m DwellSize Large 3 4 7 4, 5, 6, 7
All gas fuel and head systems except condensing boilers, E7 Heating Med - High 7 9 16 9, 10, 11, 12, 13, 15, 16
Ground Floor Storeys Ground 0 1 1 1
Descriptive Statistics
Descriptive Statistics
Descriptive Statistics
Descriptive Statistics
Descriptive Statistics
Descriptive Statistics
Descriptive Statistics
Descriptive Statistics
3 
 
 
Fig.2.  Cluster composition for MLSOA in Newcastle. 
Fig. 2 shows the percentage of dwellings in each cluster. This shows that almost a third of the city 
dwellings (30.98%) fall within cluster 5, nearly a fifth in clusters 1 and 7, and nearly a tenth in 
clusters 4 and 6. Although Clusters 2, 3 and 8 account for a relatively small portion of the total 
housing stock, they make-up roughly 6%. The clustering variables (dwelling age, wall construction, 
building form, dwelling size, heating and number of storeys) have to be carefully selected, because 
they are closely associated to the data quality, i.e. the granularity of every variable has to be at 
building level. Also, the order in which the six variables are arranged in the tuple (reflecting the 
principal component and factor analysis) are also factors that require careful consideration. 
Formann recommends a minimum sample size of at least 2m (where m = 6 equals the number of 
clustering variables) and preferably 5*2m [7], i.e. in this study between 64 and 320 observations. If 
the minimum is not reached, the medoid shows weakness to outliers, but that is not the case for the 
Warm Zone Survey in Newcastle (the physical survey of NCRF. In summary, the cluster model is 
from a generalization of similar building energy profiles into archetype prototypes in districts and 
eventually the whole city. The modelling approach of the cluster model is top-down. The top-down 
method involves patterning dwellings with similar energy profiles in the city, and then 
disaggregating the patterns based on the MLSOA’s proportions as shown in Fig. 2. 
2. The complexity of the NCRF energy modelling 
This is an explanatory section for the results of the NCRF energy modelling (see Fig.3); it is 
organized in five sections. The first section discuss the challenges for the energy model inputs; the 
second section the assumptions to run on the Cambridge Housing Model; the third section the 
validation strategy; and finally the problems associated with the scale of analysis. 
Castle A E02001708 1 424 3.80% 2 1.67% 63 6.05% 120 1.97% 1129 5.96% 256 3.44% 705 5.09% 18 0.90% 2717 4.48%
Parklands A E02001709 2 213 1.91% 9 7.50% 32 3.07% 333 5.47% 1183 6.25% 237 3.19% 455 3.28% 73 3.66% 2535 4.18%
Fawdon A E02001710 3 306 2.74% 5 4.17% 27 2.59% 126 2.07% 778 4.11% 319 4.29% 739 5.33% 189 9.48% 2489 4.11%
Woolsington 
A E02001711 4 370 3.32% 3 2.50% 45 4.32% 76 1.25% 511 2.70% 655 8.81% 500 3.61% 99 4.96% 2259 3.73%
East Gosforth 
A E02001712 5 373 3.34% 6 5.00% 43 4.13% 180 2.96% 818 4.32% 76 1.02% 309 2.23% 148 7.42% 1953 3.22%
West 
Gosforth A E02001713 6 436 3.91% 1 0.83% 48 4.61% 123 2.02% 828 4.37% 175 2.35% 253 1.83% 16 0.80% 1880 3.10%
Dene A E02001714 7 472 4.23% 4 3.33% 71 6.81% 227 3.73% 938 4.95% 277 3.72% 557 4.02% 1 0.05% 2547 4.20%
Kenton A E02001715 8 287 2.57% 2 1.67% 41 3.93% 52 0.85% 828 4.37% 349 4.69% 613 4.43% 100 5.02% 2272 3.75%
Westerhope A E02001716 9 370 3.32% 0 0.00% 51 4.89% 80 1.31% 772 4.08% 216 2.90% 516 3.72% 0 0.00% 2005 3.31%
Westerhope B E02001717 10 162 1.45% 1 0.83% 33 3.17% 6 0.10% 493 2.60% 129 1.73% 540 3.90% 1 0.05% 1365 2.25%
Blakelaw A E02001718 11 219 1.96% 0 0.00% 11 1.06% 58 0.95% 403 2.13% 226 3.04% 623 4.50% 80 4.01% 1620 2.67%
North Heaton 
A E02001719 12 316 2.83% 7 5.83% 25 2.40% 192 3.15% 1010 5.34% 171 2.30% 610 4.40% 2 0.10% 2333 3.85%
North 
Jesmond A E02001720 13 336 3.01% 7 5.83% 26 2.50% 197 3.23% 258 1.36% 24 0.32% 31 0.22% 61 3.06% 940 1.55%
Newburn A E02001721 14 552 4.95% 2 1.67% 57 5.47% 53 0.87% 984 5.20% 180 2.42% 753 5.44% 39 1.96% 2620 4.32%
Denton A E02001722 15 309 2.77% 6 5.00% 31 2.98% 48 0.79% 890 4.70% 342 4.60% 719 5.19% 134 6.72% 2479 4.09%
Blakelaw B E02001723 16 257 2.30% 1 0.83% 38 3.65% 257 4.22% 589 3.11% 193 2.59% 486 3.51% 19 0.95% 1840 3.04%
South 
Jesmond A E02001724 17 281 2.52% 9 7.50% 17 1.63% 181 2.97% 77 0.41% 19 0.26% 10 0.07% 25 1.25% 619 1.02%
South Heaton 
A E02001725 18 553 4.96% 2 1.67% 53 5.09% 683 11.21% 96 0.51% 129 1.73% 46 0.33% 105 5.27% 1667 2.75%
Fenham A E02001726 19 255 2.29% 4 3.33% 22 2.11% 192 3.15% 1013 5.35% 381 5.12% 978 7.06% 61 3.06% 2906 4.79%
Walkergate A E02001727 20 240 2.15% 3 2.50% 32 3.07% 162 2.66% 757 4.00% 343 4.61% 1070 7.72% 64 3.21% 2671 4.41%
Lemington A E02001728 21 457 4.10% 11 9.17% 28 2.69% 165 2.71% 1031 5.45% 384 5.16% 839 6.06% 32 1.60% 2947 4.86%
Wingrove A E02001729 22 577 5.17% 3 2.50% 36 3.45% 482 7.91% 411 2.17% 75 1.01% 153 1.10% 75 3.76% 1812 2.99%
Ouseburn A E02001730 23 364 3.26% 3 2.50% 23 2.21% 334 5.48% 68 0.36% 82 1.10% 16 0.12% 167 8.38% 1057 1.74%
Westgate A E02001731 24 359 3.22% 4 3.33% 38 3.65% 191 3.14% 173 0.91% 205 2.76% 59 0.43% 63 3.16% 1092 1.80%
Benwell & 
Scotswood A E02001732 25 174 1.56% 3 2.50% 8 0.77% 103 1.69% 538 2.84% 193 2.59% 318 2.30% 0 0.00% 1337 2.21%
Byker A E02001733 26 599 5.37% 14 11.67% 87 8.35% 493 8.09% 508 2.68% 318 4.28% 420 3.03% 79 3.96% 2518 4.15%
Benwell & 
Scotswood B E02001734 27 254 2.28% 3 2.50% 11 1.06% 327 5.37% 733 3.87% 168 2.26% 441 3.18% 16 0.80% 1953 3.22%
Walker A E02001735 28 376 3.37% 0 0.00% 20 1.92% 54 0.89% 323 1.71% 625 8.40% 392 2.83% 27 1.35% 1817 3.00%
Elswick A E02001736 29 915 8.20% 2 1.67% 12 1.15% 520 8.54% 595 3.14% 293 3.94% 329 2.37% 228 11.43% 2894 4.77%
Walker B E02001737 30 351 3.15% 3 2.50% 13 1.25% 76 1.25% 196 1.04% 398 5.35% 373 2.69% 72 3.61% 1482 2.44%
11157 100.00% 120 100.00% 1042 100.00% 6091 100.00% 18931 100.00% 7438 100.00% 13853 100.00% 1994 100.00% 60626 100.00%
TotalCluster 7 Cluster 8
18.40% 0.20% 1.72% 10.05% 31.23% 12.27% 22.85% 3.29%
Cluster1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6
655
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Fig.3.  Graphical description of the NCRF energy modelling method with its inputs and outputs. 
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2.1. Comments on the input to the NCRF energy model 
As a general remark, the high MCRF coverage guarantees that if the variables were to be inputted in 
a different way (order) they would still produce the same cluster results. The main source of NCRF 
physical data is the Warm zone survey. 
1) Warm zone survey. Table 1 shows the warm zone physical survey availability for three 
representative districts of Newcastle. 
Table 1.  Physical survey availability. 
  Castle A South Heaton A Westgate A 
  E02001708 E02001725 E02001731 
 Total all land use 6038   6685   12821   
RD Residential dwellings 3066 77.23% 4100 87.01% 2518 41.59% in physical survey 81.15%   55.90%   58.66%   
RD02 Residential dwellings detached 139 3.50% 1 0.02%     in physical survey 66.91%   0.00%       
RD03 Residential dwellings semi-detached 343 8.64% 6 0.13% 1 0.02% in physical survey 69.97%   100.00%   58.66%   
RD04 Residential dwellings terraced 161 4.06% 31 0.66% 41 0.68% in physical survey 65.84%   96.77%   14.00%   
RD05 Residential dwellings bungalows 178 4.48%     81 1.34% in physical survey 67.98%       21.00%   
RD06 Residential dwellings self-included 61 1.54% 401 8.51% 3368 55.62% in physical survey 59.02%   39.90%   14.99%   
RD08 Residential sheltered accommodation 22 0.55% 173 3.67% 127 2.10% in physical survey 100.00%   84.39%   50.00%   
 Total residential dwelling in Castle 3970 100.00% 4712 100.00% 6055 100.00% 
 Total physical survey coverage 78.24%   55.90%   34.15%   
 
The physical survey has 78% information in Castle and 22% to be estimated; in South Heaton, 
55% information on residential buildings, and 45% has to be estimated; in Westgate 34%. It 
supposes a bigger estimation effort in Westgate and South Heaton. There is an increased effort 
in the residential dwelling self-included in Westgate, which is the mixed use commercial–
residential. The physical survey includes records which have at least one known field. 
2) Floor area. The floor areas for all the dwellings in the original data set were set to the building 
footprint. The problematic buildings shown in Table 2 are in Westgate, where the number of 
dwelling in the building is high. For every dwelling in the building, the appropriate floor area 
has to be estimated. 
Table 2.  Number of dwellings per building. 
Dwellings Castle South Heaton Westgate
per building Percentage Percentage Percentage
1 90.86% 32.31% 20.32%
2 7.20% 60.65% 9.65%
3 0.08% 1.54% 4.55%
4 1.01% 1.03% 3.48%
5 0.55% 2.04%
6 0.70% 2.25%
7 0.49% 1.71%
8 0.94% 4.17%
9 0.21% 1.17%
10 0.98%
11 2.15%
12 0.30% 0.28% 2.15%
13 0.21%
14 0.68%
15 0.35% 0.24%
16 0.78%
17 0.83%
18 0.88%
19 0.44% 0.62%
20 0.47% 1.96%
21 0.68%
22 0.55% 0.72%
23 0.37%
24 1.56%
25 0.58% 0.81%
27 0.44%
28 0.66% 0.91%  
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3) Address of the dwellings. The address of the building helps in figure out the floor area for the 
dwellings; the problematic cases are 4, 5, 6 and 7 in Fig. 4, the Scorchio data base helps with 
how many residential and commercial but not the location in the building.  
 
Fig. 4  Address schemas in Gazetteer[8]. 
4) Number of dwellings in the appropriate class. Table 3 shows the number of dwellings that has 
no data in the class field, could be residential or commercial. 
Table 3.  No-data in class. 
LLSOA Residential Total Stock UPRN No data in class 
8306 729 1,140 33% 
8307 506 836 27% 
8308 481 916 35% 
8311 617 1,015 39% 
8312 517 731 29% 
8313 488 630 22% 
8294 632 929 27% 
8303 1,041 1,547 17% 
8359 632 886 25% 
8360 853 1,100 20% 
8361 729 976 21% 
8362 749 1,043 22% 
8364 754 1,171 30% 
8394 436 519 12% 
8395 840 1,309 28% 
8397 687 2,185 31% 
8399 818 1,220 31% 
8439 849 1,086 16% 
8440 2,580 6,593 25% 
 
5) Height of the building. Neither NCRF nor English Housing Survey (EHS) has a building height; 
EHS has the height of the dwelling, but as in Fig. 4, a complex block is problematic to compute 
the exact number of dwellings per floor. In difficult buildings the Lidar image was used, see 
Fig. 5. 
 
Fig. 5.  Lidar image in solving for building height. 
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6) Spatial interpolation and cohesive structures. The NCRF data set has two cohesive structures, 
i.e. those that affect the energy aggregation processes like district heating, group heating and 
economy 7; and those that provide physical context to cohesive community as planning 
regulations, in particular changes of use for dwelling houses and legislation that give councils 
the freedom to choose areas where landlords must submit a planning application to rent their 
properties to unrelated tenants (i.e. houses in multiple occupation). 
The spatial interpolation methods do not have a way to know if there are those types of 
structures in place that are surrounding by dwelling with gas mains. The NCRF data set is short 
in E7 meters compared to DECC figures. 
7) Imputation procedure for assigning unknown variables to NCRF. EHS 2009 has 16,670 
dwellings out of 22,385,775 totals in England or 0.074% of significant dwellings. There are 
cases where the imputation strategy gives the same imputation result for dwellings which has 
one field that is different. 
2.2 Running the Cambridge Housing Model CHM 
The energy model used to estimate the energy end-use was the Cambridge Housing Model (CHM). 
CHM is a national model requiring a full Standard Assessment Procedure (SAP) input (115 
variables). The suitability and plausibility of the model was verified against comparable DECC 
statistics. However, two aspects are problematics. 
1) The region field. Energy models and simulation techniques, like SAP and CHM, have been 
developed to study and describe the energy performance of buildings in relation to the 
surrounding climate. However, these models consider buildings as self-defined entities, 
simplifying the importance of phenomena that occur on the urban scale. So far we use an 
aligned EHS inputs needed to SAP (i) dwelling and household information; (ii) geometry; (iii) 
ventilation; (iv) other heat loss elements; (v).space heating; (vi) hot water system; (vii) low 
energy lighting; with 115 inputs to a national model the Cambridge Housing Model [9], see 
Table 4. 
Table 4.  Running the CHM. 
Dwelling and 
Household 
information 
Geometry Ventilation Other heat loss elements Space Heating 
Hot water 
system 
Low energy 
lighting 
H1…H8 H10...H42 H43... H56 H56 ... H84 H85…H97 H98...H114 H115 
Dwelling: code, 
region, tenure, type, 
age. 
Household:Number 
of occupants (adults 
and children) 
thermal insulation 
of the building 
fabric; materials 
used for 
construction of the 
dwelling  
characteristics 
of the 
ventilation 
equipment  
ventilation 
characteristics 
of the 
dwelling 
the fuel used to 
provide primary 
and secondary 
space heating; 
efficiency and 
control of the 
heating system 
the fuel used 
to provide 
water heating; 
renewable 
energy 
technologies 
the fuel used 
to provide 
lighting 
 
A closer look of the variables only one (H008: Region) (North East, Yorkshire and the Humber, 
North West, East Midlands, West Midlands, South West, East of England, South East, London) 
has geography connotation, good for a national model but not enough for a neighbourhood 
model; and not enough to predict the influence of urban configuration (or urban form) on 
outdoor conditions and finally on the energy balance of buildings.  
Climate data is at region level, it contains a number of inputs and also a number of calculations. 
The three key pieces of input climate data are: (i) monthly external Temperature (oC) by region, 
(ii)  monthly average wind speed (m/s) by region, and, monthly average horizontal solar 
radiation (W/m2) by region. 
2) NCRF Castle MLSOA and LSOA energy values.  
The Castle annual energy consumption is underestimated. The reason is the modifications of the 
thermal balance of buildings, mainly the effect of vegetation in low residential density, see 
Table 5. Urban areas tend to have higher air temperatures than their rural surrounding, as a 
result of gradual surface modifications that include replacing the natural vegetation with urban 
and roads, this is because vegetation plays a significant role in regulating the urban 
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microclimate and can influence domestic energy demand through solar absorption and the 
cooling effects provided by shade and evapotranspiration [10]; [11]. Vegetation surfaces show 
lower radiative temperatures than other inanimate ones of the same colour [12]. According to 
Heisler, trees have major effects on both solar radiation and wind, and they do affect energy use 
in buildings,  the greatest impact of trees on energy use is in small buildings, particularly 
detached single family houses [13].  
The difference in temperature between the city centre and surrounding suburbs can be several 
degrees Celsius, adding to demands on summer cooling systems and therefore increasing energy 
consumption [14]. Hence, we estimate that 5–10% of the current urban electricity demand is 
spent to cool buildings just to compensate for the increased 0.5–3.08oC in urban temperatures 
[11]. 
Table 5.  Plot ratio of Castle. 
 
2.3 Validation strategy 
NCRF made 186 validations on the NCRF model estimates with respect to official figures, see 
Table 6, 66 aggregated comparisons and 120 per property type operations. All comparisons are 
problematic because of DECC aggregated values. There are a number of uncertainties in the DECC 
model also, a domestic gas user is defined consuming less than 73,200 kWh per year, which led to 
small business may be included as domestic as many as two millions in Great Britain by 2008; and 
from the CRMF model a proportion of homes might have more than one, mostly unaccounted 
MLSOA 
Castle LLSOA SOA
Total Area 
of All Land 
Types
Area of 
Domestic 
Buildings
Area of 
Non 
Domestic 
Buildings
Area of 
Road
Area of 
Path Area of Rail
Area of 
Domestic 
Gardens
Area of 
Greenspace
Area of 
Water
Area of 
Other Land 
Uses
Area of 
Admin 
Geography
Quality of 
Fit 
Indicator
Plot ratio = 
Area 
domestic 
buildings / 
Domestic 
Built Area
E02001708 21669.98 1.18% 0.53% 2.44% 0.26% 0.03% 3.28% 88.39% 0.98% 2.92% 21,783.06 . 0.26
E02001708 E01008306 12551.35 0.50% 0.17% 1.07% 0.03% 1.80% 95.49% 0.61% 0.33% 12,633.82 -0.65 0.22
E02001708 E01008306 00CJFD0018 69.33 15.59% 17.83% 0.82% 51.20% 14.57% 75.64 -8.33 0.23
E02001708 E01008306 00CJFD0019 985.54 1.34% 0.20% 1.82% 0.05% 4.27% 92.09% 0.02% 0.20% 901.81 9.28 0.24
E02001708 E01008306 00CJFD0020 72.92 12.08% 1.62% 12.78% 2.17% 41.73% 25.14% 4.50% 68.78 6.02 0.22
E02001708 E01008306 00CJFD0021 57.4 13.55% 0.24% 14.20% 0.70% 59.30% 9.34% 2.67% 63.23 -9.22 0.19
E02001708 E01008306 00CJFD0022 259.45 3.89% 3.98% 0.03% 16.35% 75.73% 0.01% 233.74 11 0.19
E02001708 E01008306 00CJFD0023 11106.7 0.11% 0.16% 0.68% 0.00% 0.38% 97.67% 29.22% 0.31% 11290.63 -1.63 0.23
E02001708 E01008307 3571.08 0.78% 1.25% 2.03% 0.11% 1.95% 87.83% 3.21% 2.85% 3,618.44 -1.31 0.29
E02001708 E01008307 00CJFD0014 2610.11 0.28% 0.08% 0.70% 0.05% 0.80% 93.47% 4.39% 0.21% 2587.89 0.86 0.26
E02001708 E01008307 00CJFD0015 334.25 2.12% 3.94% 0.25% 2.60% 90.09% 1.01% 391.39 -14.6 0.45
E02001708 E01008307 00CJFD0016 567.59 1.31% 7.04% 5.52% 0.13% 4.47% 65.82% 15.72% 564.25 0.59 0.23
E02001708 E01008307 00CJFD0017 59.13 9.86% 4.13% 16.35% 1.62% 24.67% 37.10% 6.26% 74.91 -21.07 0.29
E02001708 E01008308 4077.61 0.68% 0.69% 2.70% 0.38% 2.05% 83.09% 0.52% 9.89% 4,046.29 0.77 0.25
E02001708 E01008308 00CJFD0024 3638.31 0.22% 0.76% 2.32% 0.39% 0.84% 83.85% 0.57% 11.04% 3635.33 0.08 0.21
E02001708 E01008308 00CJFD0025 33.92 20.96% 0.71% 42.45% 1.68% 23.08% 10.47% 0.65% 30.06 12.84 0.48
E02001708 E01008308 00CJFD0026 373.27 1.97% 0.06% 1.87% 0.04% 6.74% 89.13% 0.12% 0.07% 263.06 41.9 0.23
E02001708 E01008308 00CJFD0027 32.1 16.32% 13.12% 2.71% 62.46% 2.74% 0.85 117.83 -72.76 0.21
E02001708 E01008311 592.59 7.01% 0.12% 13.61% 1.23% 17.28% 58.80% 0.04% 1.90% 598.69 -1.02 0.29
E02001708 E01008311 00CJFD0005 39.31 17.25% 26.35% 2.04% 35.89% 14.35% 4.15% 40.71 -3.45 0.32
E02001708 E01008311 00CJFD0006 54.93 17.55% 0.25% 11.87% 2.13% 48.92% 15.20% 0.44% 3.66% 56.17 -2.21 0.26
E02001708 E01008311 00CJFD0007 44 17.61% 0.07% 19.64% 2.82% 39.07% 14.75% 6.05% 44.44 -0.98 0.31
E02001708 E01008311 00CJFD0008 361.02 2.36% 8.97% 0.58% 5.91% 82.18% 371.91 -2.93 0.29
E02001708 E01008311 00CJFD0009 93.33 9.49% 0.60% 24.40% 2.13% 24.53% 33.53% 5.33% 85.46 9.21 0.28
E02001708 E01008312 268.91 10.95% 1.31% 13.23% 2.73% 2.58% 24.37% 37.67% 7.15% 266.20 1.02 0.31
E02001708 E01008312 00CJFD0004 109.65 6.56% 2.44% 7.31% 2.10% 6.33% 14.04% 53.81% 7.42% 99.21 10.53 0.32
E02001708 E01008312 00CJFD0010 45.75 16.26% 0.13% 21.75% 2.71% 38.12% 16.50% 4.52% 46.39 -1.39 0.30
E02001708 E01008312 00CJFD0011 42.77 16.88% 14.22% 4.14% 39.05% 19.76% 5.99% 41.95 1.96 0.30
E02001708 E01008312 00CJFD0002 70.73 10.73% 1.13% 16.32% 2.87% 22.62% 37.21% 9.12% 78.65 -10.06 0.32
E02001708 E01008313 249.11 10.14% 0.61% 12.78% 3.21% 27.23% 37.98% 8.04% 246.74 0.96 0.27
E02001708 E01008313 00CJFD0001 42.44 13.34% 21.04% 3.20% 42.08% 12.82% 7.52% 56.02 -24.23 0.24
E02001708 E01008313 00CJFD0003 116.63 5.90% 0.57% 9.43% 1.39% 14.60% 62.97% 5.14% 101.21 15.24 0.29
E02001708 E01008313 00CJFD0012 39.52 13.26% 0.86% 11.41% 6.65% 13.25% 17.38% 11.34% 38.83 1.78 0.25
E02001708 E01008313 00CJFD0013 50.51 749.00% 1.01% 14.63% 4.73% 34.63% 17.58% 12.61% 50.68 -0.33 0.30
E02001708 E01008294 359.34 11.23% 4.09% 17.91% 3.00% 26.58% 27.55% 9.64% 372.88 -3.63 0.30
E02001708 E01008294 00CJFB0001 45.64 17.79% 22.70% 1.62% 40.99% 15.27% 1.64% 56.24 -18.85 0.30
E02001708 E01008294 00CJFB0002 109.41 8.17% 4.89% 19.71% 1.65% 15.80% 27.57% 22.21% 109 0.38 0.34
E02001708 E01008294 00CJFB0016 90.41 9.89% 10.24% 14.90% 2.69% 20.81% 32.63% 8.84% 96.9 -6.7 0.32
E02001708 E01008294 00CJFB0017 68.21 12.62% 13.37% 5.40% 35.14% 32.93% 0.54% 66.6 2.41 0.26
E02001708 E01008294 00CJFB0018 45.67 12.57% 0.18% 21.52% 4.66% 36.65% 21.72% 2.69% 44.14 3.48 0.26
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electricity meter (such as flats which may have a communal electricity supply for stairwell lighting 
or a lift). 
Table 6.  Validation strategy. 
MLOSA annual ordinary domestic electricity estimates  3 
MLSOA annual Economy 7 estimates  3 
MLSOA annual Domestic gas estimates  3 
LLSOA annual ordinary domestic electricity estimates  19 
LLSOA annual Economy 7 estimates  19 
LLSOA annual Domestic gas estimates  19 
NEED annual Mean annual model estimated heat gas consumption  15 
NEED annual Median annual model estimated heat gas consumption  15 
NEED annual quintiles (P5, P10, P90, P95) heat gas consumption  60 
NEED annual quartiles (P25, P75) heat gas consumption  30 
Total  186 
 
It was also provided a set of reasons [15] in which NCRF model could have very different 
performance on a DECC validation, discrepancies mainly because (i) DECC  annualized 
consumption data for the Meter Point Administration Number (MPAN) or electricity meter data 
used in the analysis consists of approximately 80 per cent actual (“Annual Advance”) readings and 
20 per cent estimated readings (“Estimated Annual Consumption”); (ii) DECC electricity 
consumption data for each MPAN is not weather corrected; and (iii) The sum of meter points or 
domestic energy consumption at MLSOA level does not always equal the sum of meter points or 
domestic energy consumption at the associated LA level. Similarly, the sum of meter points or 
domestic energy consumption at LLSOA level does not always equal the sum of meter points of 
domestic energy consumption at the associated MLSOA level due to unallocated1 meters. 
2.4 Scale of analysis 
The scale of analysis is not good, LLSOA and MLSOA are Super Output Areas designed to 
improve the reporting of small area statistics and are built up from groups of Output Areas where 
population and number of household is the key driver, see Table 7. Population and household 
minimum and maximum thresholds for SOAs in England, but not on urban fabric, street pattern and 
plot aggregation are uniform. MLOSA and LLSOA is where data for validation is found, but not a 
good geography. Maybe is good to find an intermediate boundary apart from the heterogeneity at a 
fine granularity level: the building and its close environment 
Table 7.  MLSOA and LLSOA definitions. 
Geography Minimum pop Maximum pop Min households Max household 
LSOAs 1,000 3,000 400 1,200 
MSOAs 5,000 15,000 2,000 6,000 
 
In summary, urban form can affect the energy consumption through three characteristics of the built 
environment: the building massing, the compactness and layout and orientation design. The first 
two are better descriptors of 3D residential density and the increase of both has a direct impact on 
the energy consumption in aggregated dwelling areas 
3. Modelling aggregated (multiple) dwelling heating gas 
consumption estimation 
Multilevel analysis is a way of correcting for group categorical variables with other categories. The 
general idea of multilevel analysis is that the hierarchy is taken into account in the analysis, or in 
other words, it takes into account the dependency of the observations. Although there is a 
considerable amount of literature on multilevel analysis [16-23], the emphasis of our work lies on the 
 
1 Unallocated meters are meters with insufficient address information and the consumption for these meters are unable 
to be assigned, or allocated, to a region 
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interpretation of the results of multilevel analysis in predicting the domestic energy consumption in 
dwellings using two additional levels, one (fuel poverty) aggregated at Lower Level Super Output 
Area (LLSOA) and the other (Energy Performance Certificate) as another category in the initial data 
set. In particular, the research question to be answered are twofold: first, what is the relationship 
between total energy consumption and the date of the Energy Performance Certificate (EPC), 
grouped by pre-2010 and 2010 or later as a hierarchical upper level data, and second, what is the 
relationship between the energy consumption and fuel poverty (FP) as an even more hierarchical 
upper level data to the others.  
Our aim is to demonstrate how multilevel modelling builds on traditional statistical methods for the 
comparison of groups, where the groups are FP dwellings in different Lower Level Super Output 
Areas (LLSOA) and dwellings with different dates on the EPC. We begin with the standard 
regression methods for comparing the means of two or more groups, using ‘fixed effects’' modelling 
(commonly called analysis of variance ANOVA). Then we contrast this approach with multilevel or 
‘random effect’ modelling. We use the methods for single-level statistical inference, including 
Normal tests for comparing means and likelihood ratio tests, which are also used in multilevel 
modelling. The next section describes the data sets used in the study. 
NEED provides the largest source of data available for analysis of heating gas consumption, the 
per-Property type heating gas consumption only includes properties using gas to heat their homes 
(i.e consumption between 2,500kWh and 50,000kWh); two factors can be used to characterise the 
size of a property (i) floor area ; and (ii) number of bedrooms. This study only covers floor area; 
however there is a strong correlation between the two variables [24]. NEED Property size appears 
to be the strongest individual driver of energy consumption, there is considerable variation in 
energy consumption for different types of household and property and the only physical attribute of 
a property where the relationship to energy use is not so clear is property age [24]. Linear multilevel 
analysis was used to extend linear regression analysis equation, see Equation 1. 
𝑀𝑒𝑑𝑖𝑎𝑛 𝑇𝑜𝑡𝑎𝑙 𝐻𝑒𝑎𝑡𝑖𝑛𝑔 𝐺𝑎𝑠 𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 ሺ𝑀𝑇𝐻𝐺𝐶ሻ ൌ  β଴ ൅  βଵ ∗ 𝑓𝑙𝑜𝑜𝑟 𝑎𝑟𝑒𝑎 ൅  є     (1) 
Where intercept β0 is the value of the outcome variable MTHGC when the independent variable 
floor area is zero, the regression coefficient for floor area β1 reflects the difference in MTHGC for 
property types who differ one square meter in floor area, to include property age and property type. 
By aggregating the interaction of these new parameters, a new set of coefficients are estimated. The 
model considers gas consumption was calculated on several levels, see Equation 2.  
𝑀𝑇𝐻𝐺𝐶௜௝ ൌ 𝛽଴௜௝ ൅ 𝛽ଵ௜௝ ∗  𝑓𝑙𝑜𝑜𝑟 𝑎𝑟𝑒𝑎௜௝            (2) 
Where subscripts i stand for the lowest level, i.e. the property type and j stand for the second level, 
i.e. property age. A model is built considering (i) property type as a subject (observational unit) 
independent of other subjects; (ii) property age as a variable to identify repeated observations; (iii) 
scaled identity for the repeated covariance type for the residuals; (iv) MTHGC as the dependent 
variable; (v) floor area as the covariate variable; (vi) floor area is the fixed effect variable, as well as 
the include intercept; (vii) intercept and slope are random; (viii) model statistics include estimate of 
variables and covariance [25]. Table 8 describes the linear mixed method model; and Table 9 
describe the estimate of covariance parameters. 
Table 8.  Model dimensionb. 
  Number of Levels 
Covariance 
Structure 
Number of 
Parameters 
Subject 
Variables 
Number of 
Subjects 
Fixed Effects Intercept 1  1   
 Floorarea 1  1   
Random Effects Intercept + Floorarea 2 Unstructured 3 Propertytype  
Repeated Effects Propertyage 7 Identity 1 Propertytype 7 
Total  11  6   
b. Dependent Variable: Median. 
 
From Table 9 it can be seen that four variance parameters are estimated i.e. the random intercept 
(UN (1,1))), the random regression coefficient for floor area (UN (2,2)), the covariance between the 
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random intercept and the random slope (UN (2,1)), and the ‘error’ variance (Residual). Table 9 
shows the estimate of covariance parameters. 
Table 9.  Estimates of Covariance Parametersb. 
Parameter Estimate Std. Error 
Repeated Measures Variance 4,928,231.977949 542,566.188838 
Intercept + Floorarea [subject = Propertytype] UN (1,1) .000000a .000000 
UN (2,1) 120,501.727885 212,869.599826 
UN (2,2) 132,883.121556 164,225.405814 
a. This covariance parameter is redundant. b. Dependent Variable: Median. 
Finally, Table 10 summarizes the output of a linear multilevel analysis, with a random intercept and 
a random slope for floor area criteria. 
Table 10.  Multilevel analysis output. 
Information Criteriaa 
-2 Log Likelihood 3,174.796 
Akaike's Information Criterion (AIC) 3,186.796 
Hurvich and Tsai's Criterion (AICC) 3,187.302 
Bozdogan's Criterion (CAIC) 3,211.716 
Schwarz's Bayesian Criterion (BIC) 3,205.716 
The information criteria are displayed in smaller-is-better forms. 
a. Dependent Variable: DECC Median Heat Gas. 
 
The Akaike information criterion (AIC) is an estimator of out-of-sample prediction error and 
thereby relative quality of statistical models for a given set of data. Given a collection of models for 
the data, AIC estimates the quality of each model, relative to each of the other models. 
4. Discussion and further remarks 
Multilevel models [26] are a method for data that has a hierarchical or cluster structure. A multi-
level model is being developed in the UK to estimate small areas better (e.g. level of fuel poverty) 
using surveys that are designed using sample sizes and sample distribution for efficient estimation 
at a national level and auxiliary data which are area specific [27]. However, the success of the 
method relies on the good correlating auxiliary data variables at the level needed for estimation, e.g. 
fuel poverty local auxiliary variables that show cluster structure and good correlation regarding fuel 
poverty are DWP benefits claiming households and council tax banding, DECC variables relating to 
energy consumption, EST dwelling age, and others. The method uses a stepwise logistic regression 
to match data from the national survey data and the local survey. 
The NCRF results suggest that for a more realistic validation with a NEED anonymized data set 
there are some improvements in the government information given to the public: The NEED floor 
area bands should include more detail; it would be helpful for government departments to undertake 
a comparison of the EPC and Valuation Office Agency (VOA) data to understand the accuracy of 
the EPC data; the use of a geographic key (like the UPRN) in NEED data would streamline the link 
to existing data sets; more detail on the weather correction methodology for individual properties; 
information on households benefitting from different energy and carbon policies; and perhaps 
household information in individual properties. A way forward is to have statistics for space per 
person in the EPC and SAP. However, there are several practical and policy issues to address. First, 
HMOs with shared essential facilities have no individual tenancy agreement and there is no need to 
provide an EPC in the housing market in the UK. Secondly, the EPC methodology considers the 
number of habitable rooms but what constitutes a room is not well defined (the energy rating is 
adjusted for the floor area of a building). 
This research has shown that the theoretical cases for domestic energy models therefore need to be 
revisited in order to further understand the interactions between urban form, climate, buildings 
(fabric and heating supply systems) and household real characteristics in modelling the domestic 
energy consumption. 
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